Abstract-Utilizing historical utility outage data, an approach is presented to optimize investments which maximize reliability, i.e., minimize System Average Interruption Duration Index (SAIDI) and System Average Interruption Frequency Index (SAIFI) metrics. This method is designed for distribution system operators (DSOs) to improve reliability through small investments. This approach is not appropriate for large system planning and investments (e.g. new transmission lines or generation) since further economic and stability concerns are required for this type of analysis. The first step in the reliability investment optimization is to create synthetic outage data sets for a future year based on probability density functions of historical utility outage data. Once several (likely hundreds of) future year outage scenarios are created, an optimization model is used to minimize the synthetic outage SAIDI and SAIFI norm (other metrics could also be used). The results from this method can be used for reliability system planning purposes and can inform DSOs which investments to pursue to improve their reliability metrics.
INTRODUCTION
The electric utility industry has significantly improved power system reliability over the past decade, especially since the major U.S. and Canada blackout in 2003 [1] . However, with an aging infrastructure that is continuously pushed closer to its limits and increased renewables causing more system variability, the work to improve system reliability is not complete.
The purpose of this paper is to present a methodology for optimizing investment options to maximize system reliability (minimize SAIDI and SAIFI). Given a utility's budget for reliability improvements along with historical outage data, a mixed-integer programming (MIP) model seeks to find the most effective set of investments. To accurately represent system outages, the methodology requires a long period (years) of outage data for the power system under study. In addition, upgrade options (i.e., what investments to consider) and upgrade cost data are required. These data sets would need to be supplied by the DSO. The investment optimization methodology is as follows: 1. Employ historical outage data to create probability density functions (PDF's) which statistically characterize system outages. 2. Using these PDFs, create synthetic outage data sets that represent a future year (or multiple years) of outage scenarios.
3. Instantiate the optimization model presented in this paper with the synthetic outage data sets, upgrade options, and upgrade cost. Then use the model to create a list of upgrade options that would minimize system SAIDI and SAIFI. Long-term planning for power system utilities involves significant research and investment analysis. This is especially true for large utilities and distribution system operators. Typically, utilities use a three-step approach: 1) Review current state and identify gaps, 2) develop a business case, 3) create an implementation strategy and execute [2] . The optimization approach presented in this paper can complement step two in this approach. In addition, smaller DSOs, when considering small investments, do not typically use resources to conduct large studies for creating a business case. In some situations, the utility does not need a formal business case for small investments. In those cases, the presented optimization model can make sure the best investments are chosen to improve reliability metrics.
There is substantial research on transmission system expansion planning with emphasis on power system reliability [3] [4] [5] . There are also publications on improving reliability with spinning reserve, energy storage, capacitor installations, and control of renewable energy [6, 7] . Additionally, there is significant research on reliability improvement for industries outside of electric power systems. In [8] there are methods for determining investments verses returns, while [9] gives methodology for predicting how much one should invest to get to a specific reliability level. The model in this paper is related to these references, however, this paper presents an optimization model that can be used by DSOs to determine the best set of small investments they can make to improve standard reliability metrics. This method can also supplement a business case report to justify reliability investments.
Often utilities are incentivized to be more reliable with increased revenue if they meet certain standards. This is called performance based regulation (PBR). There are many types of PBR [10] . These incentives can help justify the investments to improve reliability metrics.
Small reliability investments include replacing fuses with reclosers, increasing tree trimming, adding fuses, switches, or protection devices, insulating distribution overhead lines or burying short distribution lines, increasing crew size, increasing media outreach to improve response time, adding barriers to prevent car accident consequences, increasing squirrel guards or bird preventive measures, and other similar investments. Often, a small DSO will prioritize investments based on the worst outages over the past year. This method does help improve reliability, but it is unlikely to be an optimal method, and the best investments are not always pursued. The goal of Brian J. Pierre and Bryan Arguello are with Sandia National Laboratories, Albuquerque, NM 87185 USA (e-mail: bjpierr@sandia.gov).
Sandia National Laboratories is a multimission laboratory managed and operated by National Technology and Engineering Solutions of Sandia, LLC, a wholly owned subsidiary of Honeywell International, Inc., for the U.S. Department of Energy's National Nuclear Security Administration under contract DE-NA0003525. This research was funded by the Sandia Laboratory Directed Research and Development (LDRD) Program. this paper is to present a method that DSOs can use to help improve their small reliability investment decisions. The proposed strategy is depicted in Fig. 1 . The first step in this investment optimization approach is to use the utilities' historical outage data to create many synthetic future-year outage data sets. The synthetic data is created from PDF's of the real utility outage data. For example, a utility has five years of historical outage data. Each outage contains the cause, device type that failed, feeder identification (ID) number or specific GPS location, device ID number (some utilities do not record this), duration of outage, and number of customers affected by the outage. From this real data, PDFs are created. In this Section, PDFs are shown for ~5 years of actual utility data from a distribution utility in the U.S. The SAIDI for this utility data is 520 minutes per year and the SAIFI is 2.3 interruptions per year. First, all outages are broken down by device type as seen in Fig. 2 . That is, Fig. 2 includes:
where D is the device type which failed and caused the outage o, and x is the probability that the outage occurred because of device type D. Next, a PDF of all the outages is created for: a. cause given device type, i.e.,
where C is the cause, D is the device type, and y is the probability that the outage was caused by C given device type D. For example, in Fig. 3 , D is a fuse and C are causes such as 'whole tree edge of right of way', 'unknown', etc. b. duration given device type (e.g. fuse seen in Fig. 4 ) c. number of customers out given device type d. feeder ID (general location) given device type e. feeder ID and device ID given device type
The device types are modeled independently, but the cause, duration, number of customers, feeder ID, and device ID are modeled with a dependence on the device type. There is likely a correlation between the cause and the other variables. For this reason, the data can be conditioned down further. However, if the data is conditioned down too far, the sample size is degraded and the analysis can be less beneficial. The example studied in this paper includes a data set from a U.S. utility of ~5 years and over 60,000 outages. If an extremely large outage data set is supplied (e.g. 10+ years of outage data), it may be beneficial to condition the outages down further by cause, e.g. w. duration given device type and cause, i.e.
where m is the duration, C is the cause, D is the device type, and z is the conditional probability that the outage has duration m, given device D and cause C. x. number of customers out given device type and cause y. feeder ID (general location) given device type and cause z. device ID given device type and cause. Location of the outage is extremely important in determining upgrade locations. The specific data set used in this analysis includes the feeder ID, which is the only location information given. Other utilities that record more specific locations of failure, such as GPS locations, can improve upon the model. For example, Fig. 5 shows two outages where a fuse failed due to a squirrel. Assuming that squirrels are generally more problematic in places where squirrels have caused outages in the past, probabilities are calculated using the superposition of probability discs. Each of these discs gives probabilities decreasing with distance from a squirrel-caused outage. This is done for every outage in the historical data set to help determine probability of failure for each device type from each cause. Note, that in this step, device age can be incorporated, i.e. older compo- nents can be given a higher probability of failure. The formulation is set up to change the PDFs based on location outage discs or component age. The example presented later in this paper does not modify the base outage PDFs with age or probability discs. Future work can focus on this section further, such as how the probability discs should be sized. Figure 5 . Two outages caused by fuses failing due to squirrels; the probability of failure due to squirrels for all fuses in the highlighted areas is increased compared to the non-highlighted areas.
III. CREATE SYNTHETIC DATA SETS
A simulation was developed to create synthetic outage data sets; each data set representing a possible year of outages. Hundreds of these data sets will be created based on the real data characterization from Section II. The simulation continues to add outages to a set of data until it reaches similar SAIDI and SAIFI from the real utility data,
Once the synthetic data set has reached a similar SAIDI and SAIFI as the real data, the synthetic data set is complete. Each data set is built one outage at a time in a step by step process: 1. If (4) has not been met, another outage is added to the data set. 2. Sample a failed device type for an outage from the PDF of failed device types (e.g. a fuse device caused the outage). 3. Sample a cause for the outage from the PDF of cause given device type (e.g. a fuse failed, and a tree caused it). 4. Next, sample a feeder from the PDF of feeder ID given device type (e.g. the fuse caused the outage on Feeder ID 1). One could also use a PDF of general location such as GPS, rather than feeder ID. 5. Sample a device ID from the PDF of device ID given device type and feeder ID in order to choose the exact device that failed (e.g. fuse on Feeder ID 1, with device number 1). This is the most difficult part, as many utilities do not keep track of the exact device that failed. In addition, the sample size is often too small to have a valid PDF for the exact device. Therefore, the process illustrated in Fig. 5 can give higher weight to devices that have failed in the past, rightfully so, but also can give the possibility to devices close to the failures in the historical outage data. 6. Sample the outage duration given the PDF of outage duration given device type (e.g. the outage lasted 90 minutes). Location could also come into play in this selection. 7. Sample number of customers losing power from the PDF of number of customers out given device type (e.g. 100 customers lost power). Note instead of using historical data to determine the number of customers out, a power system model can be used. Steps 1-7 are continuously repeated until the synthetic data set has reached (4). This is continued until hundreds of synthetic data sets are built. Each synthetic data set should have similar PDFs as the real data set and similar SAIDI and SAIFI. This can be verified through a correlation analysis. Synthetic data sets that are not closely correlated to the real historical data are discarded. New data sets are created to replace discarded ones. Fig. 6 shows one of many correlation analysis studies where each data point is an outage with its corresponding duration and number of customers affected. For example, if Pearson's correlation is too low the data set can be discarded.
Selecting data sets that are one full year allows for the SAIDI and SAIFI to be per year values, and using minutes in the outage data allows for the unit of SAIDI to be in minutes per year. SAIFI is in units of average number of interruptions per customer per year. 
IV. INVESTMENT OPTIONS
The investment options and cost for these options are necessary and require utility insight to ensure accuracy. Each upgrade option has a chance of reducing the outage duration and/or number of customers affected for specific outages related to a device type and cause (e.g. single line outage caused by a tree). For this paper, examples of investments include:
• Break up the system further with an additional fuse. Consequence: all outages that are related to a specific location have a probability of reducing the number of customers affected by a certain percentage.
• Replace a fuse with a recloser. Consequence: all outages related to the fuse that is replaced and causes such as lightning, birds, squirrels, etc. have a high probability of reducing the duration of outage.
• Place short distribution line underground. Consequence: all outages on this feeder ID with most causes (e.g. lightning, animals, trees, traffic accidents, etc.) are removed.
• Add squirrel guard or bird spikes / reflectors. Consequence:
all outages related to squirrels/birds have a probability of removing the outage.
• Add barrier to prevent car accidents from causing outages.
Consequence: outages at the location a barrier is added have a probability of being removed.
• Increase the utility spending on media outreach to improve awareness and response time: Consequence: the duration of outage has a probability of being reduced. These are just some of many upgrade options that can be considered. A major difficulty is determining the cost of these upgrades, and the impact they will have on outages. The DSO utilizing this method needs to provide input to determine a PDF for the cost and improvement an upgrade will have. One method to determine this data set is to reference historical data on how these investments improve reliability, in addition to utilizing the specific DSOs engineering judgment from senior engineers who understand the system in question with detail. There are a multitude of upgrade options that can be considered, and the following optimization formulation is flexible enough to add new upgrade options based on utility input. The nonlinear MIP model is as follows:
V. NONLINEAR OPTIMIZATION FORMULATION
subject to
Equations (9) and (10) change the number of customers outaged and the duration of the outage if an upgrade is applied that affects outage o. If the model selects multiple upgrades that affect a single outage, the minimum in (9)- (10) gaurentees that the model uses the lowest COo and TOo for SAIDI and SAIFI calculation. This is, in a sense, helping the model account for how multiple upgrades affect a single outage. For example, two upgrades may be purchased and they may both decrease the same outage duration. The model may choose to purchase both upgrades due to their affects on additional outages. However, the outage duration for their common outage is assumed to be attributed to the most impactful investment.
Parts of the MIP in (5)- (10) are nonlinear and are linearized through the following techniques: First contraint (9) can be simplified and replaced with (11)-(13). Constraint (11) ensures that COo is below the minimum while (12) and (13) ensure that COo takes on the value of exactly one term in the set to be minimized. Together, these constraints, (11)-(13), ensure that COo is the minimum over all possible upgrades. 
.
However, (9) and (10) are not fully linearized with (11)- (13) and (14)- (16) due to the product of yio,do,umo,u in (12) and yio,do,uno,u in (15). These terms are linearized through the following constraints.
, ≤ , , ∀ ∈ , ∈
, ≥ , + , , + 1 ∀ ∈ , ∈
, ≤ , ∀ ∈ , ∈
Constraint (7) also needs to be linearized. To start (7) is simplified by replacing the product COoTOo with the variable COTOo, and the following contraint:
Now mo,uno,u' in (23) is linearized by adding the constraints
VI. EXAMPLE CASE
To test this methodology, the IEEE 13 node test feeder [11] is used with modifications to include basic protection elements, i.e. fuses and a recloser as seen in Fig 7. In addition, the loads in kVA have been converted to number of customers; every 5 kVA counts as one customer. For the example case in Fig. 7 , the hypothetical utility will have 10 years of actual outage data based on real data from a utility in the U.S. Figure 7 . Modified IEEE 13 node test case [11] .
The optimization model is run hundreds of times for multiple different budgets to get a full budget vs. reliability improvement curve as in Fig. 8 . It can be seen in Fig. 8 that as the budget increases, the norm of the SAIDI and SAIFI decreases as expected. The norm of the SAIDI and SAIFI is defined as, The results also give the optimal investments for each budget. The plot in Fig. 8 tells the utility how much they need to invest to get to a specific expected SAIDI SAIFI norm. It is important to note there is a "knee" in the plot, i.e. there is likely a point where the investments are no longer worth returns. For the test system, an investment of ~20,000 units reduce the SAIDI SAIFI norm from 100% to 71%. However, an investment of ~300,000 units gets the SAIDI SAIFI norm to decrease from 100% to 60%. To get the initial 29% decrease, it costs 20,000 units, but to get the next 11% decrease on top of the 29%, it costs an extra 280,000 units. This methodology can be extended to entire distribution systems for reliability studies and optimal investments for improved SAIDI and SAIFI.
VII. CONCLUSIONS AND FUTURE WORK
This paper presents an optimization model for prioritizing small investment decisions by DSOs to improve reliability metrics. This method can also supplement a business case report to justify reliability investments. The paper presents an algorithm for generating future year outage scenarios from historical data. These future outage scenarios are the key input to the presented optimization model along with investment cost and impact data. The objective of the optimization formulation is to reduce the system SAIDI and SAIFI, subject to multiple constraints such as a budget. Results indicate that the optimal investments can be determined, and a vast decrease in the SAIDI and SAIFI can be realized. Results also indicate that there is a point where the investments will likely not be worth the reduction in SAIDI and SAIFI, i.e. initial small investments have a much larger impact than later more expensive investing.
Future work on this topic includes running this model on larger distribution systems, which is more computationally intensive. In addition, more work is needed to connect this optimization with a resilience optimization framework. That is, a co-optimization is needed to simultaneously enhance both reliability and resiliency. There is significant push for utilities to become more resilient, however the incentives to become more resilient are still lacking. If a utility can show that a specified investment to improve resiliency also improves their reliability it can help the utility formulate a rate recovery case.
